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The development of a hurricane evacuation simulation model is a crucial task in emergency management and planning. Two
major issues aﬀect the reliability of an evacuation model: one is estimations of evacuation traﬃc based on socioeconomic
characteristics, and the other is capacity change and its inﬂuence on evacuation outcome due to traﬃc incidents in the context of
hurricanes. Both issues can impact the eﬀectiveness of emergency planning in terms of evacuation order issuance, and evacuation
route planning. The proposed research aims to investigate the demand and supply modeling in the context of hurricane
evacuations. This methodology created three scenarios for the New York City (NYC) metropolitan area, including one base and
two evacuation scenarios with diﬀerent levels of traﬃc demand and capacity uncertainty. Observed volume data prior to
Hurricane Sandy is collected to model the response curve of the model, and the empirical incident data under actual evacuation
conditions are analyzed and modeled. Then, the modeled incidents are incorporated into the planning model modiﬁed for
evacuation. Simulation results are sampled and compared with observed sensor-based travel times as well as O-D-based trip times
of NYC taxi data. The results show that the introduction of incident frequency and duration models can signiﬁcantly improve the
performance of the evacuation model. The results of this approach imply the importance of traﬃc incident consideration for
hurricane evacuation simulation.

1. Introduction
As one of the signiﬁcant emergency issues, tropical storms,
such as Harvey and Irma, caused signiﬁcant casualty and
property damage to the Atlantic coastal area. To alleviate the
impact of the hurricanes, an evacuation plan that can ensure
timely evacuation of aﬀected residents from the vulnerable
zones to safer locations such as shelters is expected. Successful implementation of this important task primarily
relies on eﬀective planning of transportation operations
prior to the impact of a hurricane. However, this kind of

planning methodology is always diﬃcult because of the
large-scale and high complexity of transportation systems
with uncertainties. Typical issues include “insuﬃcient information about the storm, limited emergency response
resources, lack of eﬃcient coordination and eﬀective utilization of available roadway capacity” [1]. According to
Yazici and Ozbay [2], there are two primary types of
challenge in modeling the evacuation traﬃc: (a) uncertainty
in evacuation demand and (b) roadway supply. Experiences
show that the evacuation traﬃc patterns in terms of volume
and departure time might be diﬀerent than the normal travel
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condition [3, 4] due to the complicated evacuation decision
[5]. Likewise, the roadway capacity under an emergency
condition is largely aﬀected by traﬃc incidents such as
vehicle crashes, disabled vehicles, and roadway ﬂooding. The
randomness of the traﬃc incident occurrence and characteristics (e.g., duration and severity) further put the timely
evacuation needs under pressure. In general, if the traﬃc
volume exceeds roadway capacity on one or more critical
roadway segments under the evacuation condition, the
evacuation process will be largely delayed due to the problem
of oversaturation (reduced capacity and speed) [6]. Thus,
traﬃc incidents raise great concern to emergency planners
managing an evacuation.
Existing research has shown that the regional transportation planning models have the potential to be used for
evacuation modeling. However, these models have to be
used with caution as many assumptions such as time of day,
issuance and timing of the evacuation order, vehicle occupancy, and nonevacuation traﬃc (known as background
traﬃc) in the network should be considered in a way they
reﬂect evacuation speciﬁc conditions [7, 8]. The probabilistic
road capacity constraints are also deemed to aﬀect the
evacuation traﬃc assignment [9, 10]. In light of the notable
impact of the incidents, some studies such as Robinson et al.
[11] and Edara et al. [12] started to tackle the issue by incorporating traﬃc incident impact in the evacuation models.
Due to the limitation of empirical data for evacuation,
additional research is expected to clarify these issues.
Therefore, this approach tries to quantify and incorporate
traﬃc into the emergency planning models for the metropolitan area of New York City (NYC), utilizing the data
regarding the most recent hurricane experience. This study
focuses on the impact of incidents on roadway capacity loss.
Unlike most of the existing studies, this paper formulates
incident frequency and duration models for varied incident
types based on the empirical incident data. Then, the statistically robust incident models are imported into a network
assignment model to examine the diﬀerence in evacuation
outcome caused by capacity reduction. Results from the
model are analyzed against real-world data during the actual
storm.

2. Literature Review
In recent years, numerous studies have been conducted to
simulate behavior and impact due to evacuation activities for
various extreme events. A detailed overview of evolutions of
highway-based evacuation modeling over past decades is
performed by Murray-Tuite and Wolshon [13]. Silva and
Eglese [14] proposed a spatial decision support system
(SPSS) which links geographic information system (GIS) to
evacuation modeling and enables simulating dynamics of
the whole evacuation process. Chiu et al. [1] introduced an
approach to transform the typical planning model to an
evacuation model in which speciﬁc demand, destination,
and connectors are speciﬁed. Andrews et al. [15] also used
TransCAD to convert a traditional four-step planning model
into an evacuation planning model by altering the input to
address the traﬃc demand, and the approach was proved to
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be eﬀective. Lu and Gao [16] developed a methodology for
estimating evacuation for small regions due to chemical
spills using dynamic traﬃc assignment (DTA) and performed simulation using TransCAD to predict traﬃc impacts on major roads. Their results show useful predictions
of network condition and evacuation performance. Pel et al.
[17] summarized the utilization of DTA on evacuation
behavior. Ozbay et al. [8] applied equilibrium assignment
tools to evacuation modeling based on multiple scenarios in
North New Jersey. In addition, the study discussed the eﬀect
of assumption and data input on model estimation. Results
presented suitableness to which regional planning models
are used in evacuation simulation.
One of the critical issues in evacuation study is to justify
the demand for evacuation. Baker [18] identiﬁed variables in
determining evacuation demand based on posthurricane
sample surveys. These variables include vulnerability of area,
housing, prior perception of personal risk, and storm-speciﬁc threat factor, which is shown in his later research
[19, 20], the latter created a disaggregate model to address
time-dependent choices of evacuation destination. A comprehensive review of demand generation and network
loading approaches is presented by Ozbay and Yazici [21].
An approach to estimate the impact of evacuees under
landfall situation based on a three-dimensional coastal ocean
model was proposed by Tang et al. [22] and applied to the
coastlines of Cape May, New Jersey. Yin et al. [23] introduced a hurricane evacuation demand estimation system
using Agent-Based Modeling. The system implemented
typical evacuation decisions covering the whole evacuation
process, including preevacuation preparation. An activitybased approach is used in this study to estimate hurricane
evacuation for the Miami-Dade area.
Besides variability in evacuation demand, estimation of
changes in network capacity is another challenge in the
evacuation modeling process. The roadway capacity can be
signiﬁcantly reduced by the traﬃc incidents such as downed
trees, ﬂooding, or debris. The inﬂuence of these nonrecurrent incidents during evacuation is crucial as it may delay the
evacuation process and lead to additional danger to the
evacuees [24]. Thus, in evacuation modeling, the impact of
incidents should be considered qualitatively. For example,
Wolshon et al. [25] stated that “incidents such as disabled
vehicles are expected to happen during evacuations and
reduce the capacity of the roadway and highlighted the need
for timely assess [sic] the impact of lane closures, weather
conditions and incidents.” Fonseca et al. [26] analyzed
evacuation records for Interstate 65 in Alabama and analyzed the varied incident types with proportions and duration distributions. Based on that, they developed a
methodology to generate the incidents for the evacuation
model. Yazici and Ozbay [10] used dynamic assignment
based on cell transmission model (CTM) to explore the
spatial variation of shelter capacities caused by probabilistic
road capacity constraints and suggested an approach of
evacuation planning which avoids insuﬃcient planning
which caused postdisaster problems.
Few studies quantitatively evaluated incident-induced
network changes on emergency evacuation. For example,

Journal of Advanced Transportation
Robinson et al. [11] simulated the hurricane scenario to
explore the impact of disabled and abandoned vehicles, but
the results showed that the changes in total evacuation time
are negligible. Edara et al. [12] estimated two kinds of incidents and their impact under an evacuation simulation
scenario, and the result illustrated a signiﬁcant increase in
evacuation time and a decrease in throughput. It is noticeable that the aforementioned studies are based on hypothesis rather than empirical incident data from actual
evacuation circumstances. Collins et al. [27] simulated the
ﬁctitious evacuation scenarios of terrorist attacks and hurricane evacuation and the results reveal that accidents can
increase the evacuation time by 8%. On the contrary, others
used facility-based empirical incident data [11], predicted
from a generic incident rate model [27], and assumed that
segments of high traﬃc volume can yield more incidents
[12]. Fonseca et al. [26] developed a more speciﬁed methodology for incident creation and categorization based on
historical data but with a hypothesis resembling previous
studies [11, 28]. More recently, Robinson et al. [29] evaluated
the impact of the incident on hurricane evacuation by setting
up a simulation model with historical incidents. The results
revealed that traﬃc incidents extended the travel times of
evacuees involved, but the impact of overall evacuation
performance is negligible.
Several challenges are raised in the previous studies for
the simpliﬁcation on the evaluation of the incident impact
on evacuation simulation. First, the hurricane-speciﬁc incident records may not be available or collectable. For example, due to the gust during the storm, down tree is a major
type of incident under hurricane conditions [30]. However,
this impact is yet to be addressed in detail. Second, it is
diﬃcult to collect the wide range factors such as weather
conditions and roadway physical inventory, which are
needed in incident modeling under an evacuation scenario.
In addition, it is diﬃcult to validate the simulation of incident impact since it is diﬃcult to collect empirical data of
incident impact in diﬀerent stages. Without proper consideration of these critical issues, the performance and
credibility of the proposed models will be negatively aﬀected.

3. Data and Tools
3.1. Data and Tools for Evacuation Modeling. The network
and demand used in this study are derived from a large-scale
network model, NY Best Practice Model (NYBPM) [31]. The
original model was a typical 4-Step trip generation module
for the planning of daily travel based on the TransCAD 6.0
[32] platform. This planning model includes the latest
physical and socioeconomic information such as network
and socioeconomic attributes for 28 counties for NY metropolitan area. The macroscopic traﬃc network and traﬃc
analysis zones (TAZs) of the original model are utilized.
In this study, the time-dependent degradable network and
evacuation demands are generated based on a macroscopic
traﬃc network of 53399 links and more than 4000 traﬃc
analysis zones (TAZs) in the original planning model. The
evacuation demand is developed by adding evacuation trips
that modiﬁed original daily OD demands to reﬂect expected
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evacuation behavior of the aﬀected populations given their
location and characteristics such as auto-ownership, number
of residents per household, and evacuation preference.
One advantage of generating the evacuation model based
on the NYBPM Second Generation (NYBPM 2g) model is
that the regional planning model provides period-based
well-calibrated trip tables. For the convenience of hourly
assignment, the trip tables are distributed into hourly ones
based on the hurricane evacuation response curve, which is
modeled using traﬃc counts from Transportation Operations Coordination Committee (TRANSCOM). The methodology of constructing the response curve presented in Li
and Ozbay [4] ensures that the network assignment model
can capture the change of evacuation responses in a timedependent manner.
As mentioned above, prior to network assignment, a
critical step is to estimate and distribute evacuation demand
to trip tables. Considering large computing requirements of
modifying trip tables (4000 rows and columns for each table,
24 hourly matrices for each scenario), we developed a preand postprocessing tool named Trip Demand Matrix Generation (Tridmatrix) tool. Tridmatrix is written in Java, and it
can generate hourly evacuation demand for designed evacuation zones in minutes. These output trip tables are then
imported into TransCAD for performing quasi-dynamic
traﬃc assignment, as shown in [8].
3.2. Traﬃc Incidents. The incident data of major expressway
and highway of the NY metropolitan area were collected from
TRANSCOM. The dataset contains all traﬃc incidents from
the beginning to the aftermath of Hurricane Sandy. Detailed
information about the dataset can be found in Xie et al. [30].
According to statistics, there are 354 incidents during
84 hours before the landfall, and there are six types of incidents, as presented in Table 1. It can be seen that accident is
the major type of incident, followed by downed trees. These
two types account for more than half of all the incidents.
Incidents can temporarily reduce highway capacities by
blocking shoulders or lanes. The amount of capacity loss
caused by incidents varies across diﬀerent incident types.
Based on historical data, the capacity loss caused by various
incident types is shown in Table 2. It can be noticed that
incidents such as accident, debris, and disabled vehicle are
likely to block more lanes.

4. Hurricane Evacuation Modeling
The basic strategy for the modeling approach is shown in
Figure 1. Under the evacuation condition, the travel demand
consists of both assumed background traﬃc and evacuation
demand. Unlike most of the previous studies that assume
stable highway capacity based on the roadway characteristics, the roadway capacity in this study is dynamically
modeled as a function of simulated incidents.
4.1. Scenarios and Assumptions. In this study, three simulations are developed and evaluated, namely, base scenario,
evacuation scenario without capacity loss, and evacuation
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Table 1: Type of incidents during evacuation period.
Accident (%)
31.88

Proportion

Debris (%)
8.12

Disabled vehicle (%)
19.71

Downed tree (%)
24.93

Flooding (%)
5.80

Others (%)
9.57

Table 2: Capacity loss caused by various incident types.
Accident
Debris
Disabled vehicle
Downed tree
Flooding
Others

Shoulder blocked (%) One lane blocked (%) Two lanes blocked (%) Three lanes blocked (%) Four lanes blocked (%)
23.60
19.45
35.77
17.22
3.96
14.29
28.57
14.29
28.57
14.29
26.36
12.92
29.75
29.58
1.38
1.96
18.63
69.61
7.84
1.96
0.00
11.76
88.24
0.00
0.00
3.98
23.88
52.24
14.43
5.47

Original Highway Network
from NYBPM Model

Distribute
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Hours

Socioeconomics Data

Hourly-Based
Highway Network

Original Period-Based
Trip Table from
NYBPM Model

Assign
Capacity Loss
to Links

Distribute
Trips to
Hours

Modified Highway
Network Links

Incident Frequency
and Duration Models

Transcad
MapWizard

Simulate the
Incidents

Incident Lists and
Capacity Loss

Map View and
Critical Links

Node and Link
Performance Table

Hourly Trip Tables

Running BPM
Trip
Assignment
Step

Blocked Trips
Towards Evacuation
Zones
Background Traffic
Trip Table

TAZ Travel Time
Matrix

TAZ and Evacuation
Zones Shapefiles
Travel Time Table
GIS Conversion

Add Evacuation
Demand
TAZ and Zone
Dataview

Data
Processing

Model Zonal
Travel Time

Modified Trip Table

Figure 1: Procedure of network-wide demand and degradable capacity modeling.

scenario with capacity loss. The base scenario uses calibrated
hourly trip table and network links based on the regional
planning model. The two evacuation scenarios simulate
actual Hurricane Sandy conditions, a category 1 hurricane
which occurred on the east coast in October 2012. The
hurricane made the landfall on New Jersey and caused serious damage to NYC and Long Island. Other than the

background travel demand, the evacuation demands in both
scenarios are generated based on population and assumed
evacuation rates in the evacuation areas in NYC and Long
Island. The hourly OD matrices are estimated using the
empirical evacuation curve that is based on the actual observed traﬃc demands in the study area. Moreover, as stated
in [8], incremental assignment is implemented by keeping
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residual traﬃc and passing them to the following assignment
period. This makes the traﬃc assignment quasi-dynamic.
One evacuation scenario considers the impact of capacity
loss based on the incident generation model whereas the
other one does not incorporate incident impacts.
The key assumptions considered in this study are as
follows. Firstly, the modeled evacuation period is deﬁned as
24 hours from 12:00 p.m. to 12:00 p.m. on the second day. It
is consistent with the issuance of a government mandatory
evacuation order for Hurricane Sandy on 12:00 p.m. October
28, 2012, one day before the Hurricane’s landfall [33].
Secondly, the direction of actual evacuations varied in different administrative areas. For NYC, the residents are assumed to leave six evacuation zones to safe zones. For Long
Island, the residents are evacuated from four evacuation
zones to safe zones. Speciﬁcally, Zone 1 in NYC and Long
Island is the Mandatory Evacuation Zone, and the trips
towards these two zones (blocked trips) are not allowed in
the model. The identiﬁcation of the evacuation zones for
NYC and LI can be depicted in Figure 2.
4.2. Steps of Model-Based Evacuation Analysis. The following
steps are used to test the evacuation model:
(1) Identify the evacuation zones based on the NYC
ﬂooding evacuation zones of year 2012 and TAZ
attributes, and estimate the zonal evacuation demand based on model assumptions and socioeconomic data.
(2) In this step, both existing highway network and trip
tables are modiﬁed based on hourly empirical data to
perform hourly assignments for the total evacuation
duration, namely, 24 hours.
(3) Develop scenarios based on normal and evacuation
situations.
(4) Modify trip tables based on evacuation demand and
then modify the highway network to capture capacity losses due to incidents.
(5) Run network assignment model in TransCAD using
the hourly based quasi-dynamic assignment method
for diﬀerent scenarios.
(6) Analyze assignment results and summarize evacuation times and network performance with and
without capacity losses.

5. Modeling of Hourly Evacuation Demand
A step-by-step process is explained in this section which
determines the evacuation demand.
In the beginning, hourly trip tables under a nonevacuation condition are prepared using period-based trip
tables. There are four periods in the planning model, namely,
AM (morning peak), MD (midday), PM (evening peak), and
NT (night) periods. These period-based trip tables are divided into equal parts in terms of hours. Then, trip tables are
calibrated using TRANSCOM data, since the hourly traﬃc
may not be evenly distributed for each period during the

5
evacuation process. The following hourly calibration coefﬁcient is used:
Coef HR �

PropHR / PropHR
,
roriginal

(1)

where Coef HR is the coeﬃcient factor to adjust the original
trip table and PropHR is the hourly percentage of daily traﬃc
volume coming from TRANSCOM data. This reﬂected
diﬀerent travel patterns of background traﬃc on weekdays
and weekends, and the percentage is diﬀerent.  PropHR is
the cumulative percentage of the period, that is, periodic
percentage of daily volume. roriginal is the fraction of hour
within the period (e.g., for MD period, roriginal � 1/5).
Therefore, the adjusted hourly volumes of the trip table,
TTHRactual , can be calculated as
TTHRactual � TTPeriod ∗ roriginal ∗ Coef HR .

(2)

The calculated hourly volume is used as input of the base
case scenario and to determine background trips.
The next step is the estimation of background trips.
According to Urbanik II [34], background traﬃc includes
trips present during evacuation but irrelevant to evacuation
activities. In this approach, estimation of background trips is
made based on hourly volume and directions, and three
diﬀerent assumptions of background traﬃc rate (percentage
of background trips remains in network) are made:
(1) Set 100% background traﬃc percentage for safe
interzonal trips, that is, trips inside safe zones, which
start and end at TAZs that belong to safe zones.
(2) Set 75% background traﬃc percentage for evacuation
intrazonal trips. These include trips from evacuation
zones and risky zones to safe zones.
(3) Set 0% for trips towards evacuation zones. All trips to
evacuation zones are set to zero.
The following task is identifying total evacuation demand. We ﬁrst identify the population in evacuation zones
based on socioeconomic data. Since census data of 2010
show the population of each census tract, we can calculate
TAZ population as the sum of the population in included
census tracts.
Assumption of evacuation rates is made next for areas
within diﬀerent evacuation zones. Zone 1 has the highest
evacuation rate whereas zone 6 has the lowest. In the next
step, the vehicle occupancy assumption is made according to
[35], where 1 person/vehicle is used. Evacuation trips are
now generated based on all these assumptions described in
the previous steps using the following equation:
Di � Ni ∗ Evaca ∗ VO,

(3)

where Di denotes total daily evacuation trips generated by
TAZ i, Ni is the population of TAZ i, and Evaca is evacuation
rate for evacuation zone category a to which TAZ i belongs.
VO is the assumed vehicle occupancy.
The following step is to split the evacuation demands
into each hour using the estimated evacuation response
curve, where the outcome output is hourly zonal evacuation
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Map of Evacuation Zones in New York City
N

Zone
X
6
5
4
3
2
1

Map of Long Island Evacuation Zones

Evaucation Zones
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Evacuation
Safe

0
1
2
3
4

Figure 2: Evacuation and safe zones in this study.

demands. After that, destinations of evacuation demands are
assigned. The distribution of destinations for evacuation
trips will follow the trip percentage for background travels
since the background travel patterns can be considered as an
indication of travel preference and familiarity, which can
contribute to the selection of evacuation destinations.
Therefore, assignments are based on proportion of original
background trips from evacuation and risky zones to safe
zones. For example, for evacuation zone A and nonevacuation zone B,
EvacAB � Evactotal ∗

BGAB
,
 BGAX

(4)

where EvacAB stands for evacuation trips from TAZ A to
TAZ B, EvacTotal is all evacuation trips that start from TAZ
A, BGAB denotes background trips from TAZ A to TAZ B,
and  BGAX stands for the sum of all background trips from
TAZ A to all other zones X. Finally, the modiﬁed trip tables
are calculated by adding evacuation demands to background
trips. The procedure implemented for demand modeling can
be shown in Figure 3.

6. Incident-Induced Simulation
This section proposes a generation method of the degradable
network under a hurricane condition, more speciﬁcally,

simulated the hourly based dynamic incident-induced capacity loss. Based on the aforementioned incident data, two
models are built. The ﬁrst model investigates the relationship
between incident occurrence and the roadway geometry, and
the second one addresses the correlation of incident type and
duration. Then, the models are applied to the whole network
to estimate the network-wide capacity reductions. The details of this modeling approach are available in [36] by the
authors of this article.
6.1. Modeling Incident Frequency. This subsection explores
the relationship between incident occurrence in the presence
of evacuation and roadway attributes such as link length and
traﬃc volume. Each incident was geocoded in the GIS
Shapeﬁles and matched to the roadway sections where it had
been detected. The incident frequency model for each
roadway section can be retrieved. Negative binomial (NB)
models are widely used to model event frequencies [37, 38],
for they can address the nonnegative and discrete nature of
incident occurrence and have been proved eﬀective for the
overdispersed data by introducing an error term [39]. The
NB model can be expressed as follows:
fi ∼ Negbin(θ, r)ln θi  � αXi ,

(5)
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Figure 3: Procedure of demand modeling.

where fi is the observed incident frequency for roadway
section i, θi is the expectation of yi , Xi is the vector of
explanatory variables, α is the vector of regression coeﬃcients to be estimated, and r is the dispersion parameter.
The modeling results of the incident frequency under
hurricane evacuation are shown in Table 3. According to the
p values, all the estimates can be regarded as signiﬁcant at
the 95% level except for the variable interstate which is
signiﬁcant at 90% level. The estimated dispersion value
(r � 0.4523) is signiﬁcantly diﬀerent from 0. This shows
strong evidence of overdispersion of data and the necessity
of adopting the negative binomial model.
6.2. Modeling Incident Duration. Duration distributions
vary for diﬀerent incident types. A lognormal model can be
used to express the relationship between incident duration
and type, as previously used in [30, 40, 41]. The model can be
expressed as
lndj  ∼ Normal μj , σ 2 μj � βZj ,

(6)

where dj is the observed duration for incident j, μj and σ are
the mean and standard deviation of the normal distribution
for incident j, Zj is the explanatory variables representing
types of the incidents, and β is the vector of regression coeﬃcients to be estimated. The results of incident duration
model are shown in Table 4. According to statistics of coefﬁcients in Table 4, estimations of accidents, debris, and disable
vehicles are negative, which imply that they have shorter
duration than other incidents like downed tree and ﬂooding.
6.3. Simulation of the Incidents and Network Capacity Loss.
Once the incident models are generated, hourly based
simulation of roadway capacity loss can be conducted by

Table 3: Result statistics for the incident frequency model.
Parameters
Intercept
Logarithm of volume
Logarithm of length
Road type
Interstate
Others
Dispersion r

Estimate
−9.6449
0.6349
0.6450

SD
3.4485
0.2608
0.2520

t value
−2.797
2.434
2.560

p value
0.00516
0.01493
0.01048

0.8697
—
0.4523

0.4860
—

1.789
—

0.07355
—

Table 4: Result statistics for the incident duration model.
Parameters
Intercept
Incident type accident
Debris
Disable vehicle
Downed tree
Flooding
Others
Normal distribution
variance σ 2

Estimate
4.4430
−0.9017
−1.0964
−1.3014
1.5352
0.5894
—

SD
0.0387
0.0419
0.0729
0.0445
0.0934
0.1563
—

t value
114.83
−21.52
−15.05
−29.25
16.43
3.77
—

p value
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
0.00016
—

1.192

applying the link capacity reduction in the planning model.
Monte Carlo simulations are utilized to generate random
observations that follow estimated distributions [42]. This
section describes the procedure for incidents simulation, and
the methods to generate a continual capacity loss for the
simulation network.
The ﬁrst step is to clean the simulation network. The
original network in NYBPM 2g model involves 53399 traﬃc
links, including centroid connectors, external connectors,
and PTZ connectors (public transit). Since these connectors
are not actual roadways and do not apply to the incidents,
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they should be removed. For each roadway link, the mean
value of incident θi is linearly correlated to the roadway
attributes as parameters in Table 3; then, the incident frequency fi for the remaining 40442 links can be estimated
using θi and dispersion parameter r. Based on fi , simply
apply Monte Carlo simulations to determine whether an
incident will occur for link i.
The previous step generates a list of network-wide
incidents for each hour. In order to predict the capacity
loss, other attributes of the incidents need to be completed.
These attributes include incident type, duration, number
of blocked lanes, and side of the aﬀected link. First, types of
incidents are simulated using the percentages in Table 1.
Once the types are determined, the durations of the incidents can be simulated using the incident duration
model shown in Table 4, where mean μj is dependent on
incident type, and the logarithm of the incident is normally
distributed with mean μj and standard deviation σ. Other
attributes of the incident that need to be speciﬁed are the
number of aﬀected lanes and directions, which is simulated using Table 2. For example, for an accident, the
probability of blocking two lanes is 35.77%. Capacity losses
caused by the blocking shoulder and each individual lane
are assumed to be 1000 and 2000 veh/h, respectively. Then,
directions of the incidents are simulated. More speciﬁcally,
for each two-way roadway where the incident occurs,
assign a side of the link according to the directional volume
ratio. Therefore, the link can be identiﬁed as one-way if the
capacity of the other side is zero. Another issue is the
overlapped incidents’ impact. For the cases that multiple
incidents are generated at the same side of the same link,
the capacity loss for that direction of the link is assumed to
be the maximum of the capacity losses caused by all of
those incidents. The output of this step is the complete
incident list that contains ﬁelds of incident type, capacity
loss, and direction for each hour. Figure 4 shows a sample
output of incident simulation of a certain hour, including
locations and type of incident.
Considering the diﬀerences in incident durations and
types, the incident lists cannot be used directly to reduce the
capacity of the links. More speciﬁcally, the roadway capacity
is aﬀected not only by the incidents occurring in the current
hour but also by the active ones occurring in previous hours.
These attributes are time-dependent so that a mechanism of
life-cycle management of incidents is necessary. Moreover,
combined impacts of the incidents should be considered,
since multiple incidents may be active simultaneously for a
certain location and side.
To manage the life cycle of the incidents, this approach
maintains an active incident table with the same columns
with the incident lists. The table is updated each hour by
adding the new incidents of the current hour from the
incident list and deleting the incidents that are no longer
active. After the insertion and deletion, take a snapshot table
of the hour. The incident deletion is determined by the
duration ﬁeld, which decreases by one unit every hour. Once
the duration became zero, the incident is removed from the
table. The impact of multiple incidents in the same location
is another issue that needs to be addressed. This approach
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keeps both incidents in the table and presumes that only the
one that has greater impact (high capacity loss) is in eﬀect.
Once the one with higher impact is expired and the other
one is still alive, activate the other incident. This approach
does not apply to the concurrent incidents on the diﬀerent
sides of the same link, in which case both incidents can be
eﬀective simultaneously.
The snapshot tables generated from the previous approach indicate the capacity loss and direction of the designated links. So, the time-dependent degradable simulation
network can be built by simply reducing the capacity by the
values in the snapshot table for each hour within the study
period. If the capacity loss is greater than the original capacity of the link, the remaining capacity is set to 100. This is
to meet the requirement of convergence in the macroscopic
assignment model.
The ﬁnal step is to run the evacuation simulation based on
the modiﬁed planning model based on the time-dependent
demands and degradable networks. Similar to the study of
Ozbay et al. [8], a quasi-dynamic traﬃc assignment approach
covering NYC metropolitan area is created in TransCAD.
Three simulation runs are made for the scenarios. Speciﬁcally,
the base scenario only considers background traﬃc without
eliminating the blocked trips, and the highway network capacity is stable. The two evacuation scenarios have the same
evacuation demand, including both evacuation and background demands, subtracted by the blocked trips. The only
diﬀerence for the two scenarios is the presence of the incident
impact.

7. Result and Discussion
7.1. Evaluation of Simulation. In this step, simulated incident frequency and durations are evaluated by comparing
with the observed data. Tables 5 and 6 summarize the
percentages of incident types simulated from the incident
frequency and duration models, which agree with the observed incident data shown in Tables 1 and 2.
The histograms of the simulated and observed duration
of incidents (unit: hours) are shown in Figure 5, which also
shows the consistency between observed data and modeled
result.
7.2. Validation by Comparison with Observed Postdisaster
Taxi Data. The travel times for trips leaving Manhattan are
compared to observed taxi travel times as validation of the
model. In NYC, most of the yellow cab trips occur inside
Manhattan, so it is practical to use yellow cab trips to
compare with the simulation trips in Manhattan. To be
consistent with the evacuation direction, the taxi trips from
TAZs inside Manhattan to safe zones outside Manhattan are
selected. To make the average trip results comparable, the
sampling of modeled trip results is necessary to guarantee
the identical number of modeled trips and observed taxi data
for the same O-D pair. This is done by selecting all qualiﬁed
taxi trips for each hour, picking the same number and attributes of modeled trips, and then calculating mean travel
times for both datasets.

Journal of Advanced Transportation

9

Accident
Debris
Disabled vehicle
Downed tree

Flooding

Others

Figure 4: Sample results of the incident simulation.
Table 5: Type of incidents during evacuation period simulated from models.
Proportion

Accident (%)
20.00

Debris (%)
11.76

Disabled vehicle (%)
25.88

Downed tree (%)
25.88

Flooding (%)
2.35

Others (%)
14.11

Table 6: Simulated shoulder/lane blockage caused by various incident types.
Accident
Debris
Disabled vehicle
Downed tree
Flooding
Others

Shoulder blocked (%) One lane blocked (%) Two lanes blocked (%) Three lanes blocked (%) Four lanes blocked (%)
23.53
23.53
47.06
5.88
0.00
10.00
30.00
10.00
40.00
10.00
36.36
4.55
36.36
22.72
0.00
0.00
27.27
59.09
4.55
9.09
0.00
0.00
100
0.00
0.00
0.00
8.33
75.00
8.33
8.33

Figure 6 shows the hourly and average travel time (unit:
minutes) for evacuation scenarios without a capacity loss
(ﬁrst row), with capacity loss (second row), and observed
travel time (third row). The zones colored in grey indicate no
taxi trip data available for the time selected. For the colored
zones, if there are no additional trips in the following hour,
the average travel times are assumed to be unchanged. Based

on Figure 6, the travel times for Midtown are signiﬁcantly
higher than downtown and Harlem, and the travel times for
the east side of Manhattan are lower than the west. These
reveal the spatial characteristics and diﬀerent levels of
vulnerability for zones in Manhattan. Additionally, travel
times for that capacity loss scenario are slightly higher and
closer to the empirical times. Such conclusions can also be
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Figure 5: Durations for simulated and observed incidents.
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Figure 6: Diﬀerences in hourly zonal travel times of Manhattan.

quantiﬁed in Table 7 where MAE and RMSE values are
computed as the normalized evacuation times for each TAZ.
The values are all lower in the capacity loss model.
The similarity to taxi data can also be graphically shown
using the temporal distributions of travel times, shown to be
consistent between datasets in Figure 6. It is also illustrated the
temporal diﬀerence: travel times are closer at the time when
the evacuation order is issued, and then empirical travel times
become worse than the model at night. On the morning of the
second day, travel times are again getting closer. The results
also reveal that in the late stage of evacuation, the evacuation
time from empirical data is slightly higher than the model.
In summary, this section validates the model with the
empirical data, and the evacuation model with incidentinduced capacity loss matches the empirical data well but
still tends to underestimate actual evacuation times for
certain time periods. Several issues such as demand

Table 7: Validation results of evacuation scenarios.
Models
MAE RMSE
Taxi data vs. evac. scenario without capacity loss 2.895 4.612
Taxi data vs. evac. scenario with capacity loss
2.524 4.289

assumptions or other hurricane-related circumstances may
lead to inconsistencies.
7.3. Comparison of Evacuation Times. With the capacity loss
model validated, it is applied to provide insight on evacuation times for diﬀerent evacuation zones to demonstrate
how it impacts a model that ignores incident impact.
First, the impact on evacuation times for trips generated
from designated risky zones to safe zones is quantiﬁed using
the network model.
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Figure 7: Comparisons of zonal travel times for diﬀerent scenarios (in minutes).

Figure 7 shows the evacuation travel time from each zone
category of each simulation scenario. The analysis is based
on six evacuation zones in NYC and four evacuation zones
in Long Island (LI). The results imply that average travel

times vary depending on the location of the evacuation
zones.
As shown in Figure 7, during the evacuation period,
there are two peak periods. The ﬁrst peak period happens at

12
the p.m. peak of the ﬁrst day and the second is at the a.m.
peak of the second day. For the base scenario, the diﬀerence
between travel times in two peak periods is insigniﬁcant for
evacuation zone 1 in NYC and LI. Moreover, for evacuation
scenarios, the p.m. peak periods have higher travel times.
That is attributed to the large volume of evacuation in the
initial hours of evacuation.
In the ﬁrst couple of hours of the evacuation period, the
average travel times for all 10 categories of zones are the
highest. For zone 1 in both NYC and LI where evacuation is
mandatory, evacuations have caused signiﬁcant increases in
travel times. The highest average travel time is observed at 3
p.m. where evacuation demand and background traﬃc are
the heaviest, and the highest evacuation travel times for
evacuation zones in NYC and LI are estimated to be 45 and
38 minutes, respectively. After the ﬁrst eight hours, the p.m.
peak period is ﬁnished and the travel times for all zones for
both evacuation scenarios decrease, and travel times approach their base scenario values around midnight.
For some zones like zone 4 in NYC, the travel times for
the evacuation scenario without capacity loss are even lower
than the base scenario at 12 a.m. This may be because the
evacuation demand is even less than the number of trips
blocked whose directions are towards evacuation zones. The
outcome of this modeling assumption is fewer total trips
compared to the base scenario. The travel times increase
again 17 hours after the evacuation order. This can be attributed to the residual evacuation demand in the morning.
Then, the times fall to a normal level in the 23rd hour.
The modeling results show that the evacuation scenario
with capacity loss has higher travel times than the evacuation
scenario without capacity loss assumptions. Especially in the
last 6 hours of evacuation, the travel times for the capacity
loss scenario have higher values than the other two scenarios, whereas the travel times of the evacuation scenario
with full capacity are close to the base scenario travel times.

8. Conclusion
This study constructs a scenario-based hurricane evacuation
model that incorporates a robust incident estimation
module for NYC and LI. The demands of the evacuees are
generated based on the demographic data and distributed to
each hour based on the empirical evacuation response curve.
Incident frequency and duration models are generated based
on the empirical data of the highway incident during
Hurricane Sandy. Three macroscopic scenarios based on the
planning models are created to evaluate the impact of the
incident on the evacuation time predictions. The results
imply that the roadway incident can have a strong negative
impact on the evacuation process, especially introducing a
signiﬁcant increase for these OD pairs from evacuation to
safe areas.
Despite the highlighted improvements after considering
the impact of incidents in the network model, more work is
needed to examine the accuracy and realism of these results.
The study made various assumptions regarding evacuation
rates and background traﬃc percentages. Although these
values based on our assumptions were calibrated using

Journal of Advanced Transportation
empirical data, they may be expected to vary based on
speciﬁc events. For the incident modeling, some of the
events, such as ﬂooding or downed trees may be related to
the place, and a spatial modeling approach may be useful to
improve the incident generation module. Also, since fewer
than usual taxi data points are available for a signiﬁcant
percentage of network links mainly due to the reduction in
demand prior to the Hurricane’s landfall, it was not yet
possible to accurately assess whether introducing incidentinduced capacity loss to the network model yielded more
accurate travel time estimates for all the links in the network.
Thus, other relevant data of empirical link attributes that can
help conduct this comparison would be useful to conduct a
network-wide evaluation. In addition, further study needs to
examine the capacity loss for cascading failures to develop an
enhanced simulation module that can address the interdependency of multilayer networks. It is however important to
note that hurricanes are very rare events in the NY/NJ area
and the availability of future data for this and any other
region with a very low hurricane occurrence rate can be a
problem. We hope that similar data can be obtained from
other regions of the US and used to improve the unique
modeling approach described in this paper [43].
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